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Introduction
Chromatographic techniques are widely used in almost all stages of the drug discovery process. In particular, the characterization of physicochemical and biomimetic binding properties of compounds when applied at an early stage of the drug discovery process, enables the prediction of their in vivo behaviour at a much earlier stage. [1] Micellar liquid chromatography (MLC) is a reversedphase liquid chromatographic (RPLC) mode. The mobile phase is more polar than the stationary phase and consists of an aqueous solution of surfactant (e. g. the anionic sodium dodecyl sulphate (SDS), the cationic cetyltrimethylammonium bromide (CTAB) and the non-ionic Brij-35) above its critical micellar concentration (CMC). Under these conditions, adsorption of an approximately fixed amount of surfactant monomers on the stationary phase is produced, and a stable modified column with a regular retention behaviour is found. [2] MLC is largely used in bioanalysis, [3] and to predict pharmacokinetic properties of drugs and related substances. [4] Recently, MLC retention data obtained using miltefosine as a surfactant was used for the in vitro predictions [3] of human intestinal absorption (HIA) and blood brain barrier (BBB) permeation. [5] As detailed elsewhere [6] [7, 8] , for an effective application of chromatographic descriptors in drug discovery, the balance of intermolecular forces underlying the retention phenomena should be highlighted. Linear free energy relationships (LFER), based on solvation parameters, as described by Abraham et al. [9, 10] are the most known Quantitative Structure-Property Relationships (QSPRs) tools that provide this information. Briefly, by measuring a linear free-energy related solute property (e. g. log P) for a set of at least 25 compounds for which five 2D molecular descriptors (E, S, A, B and V) are known, the solvation equation can be built using a multiple linear regression (MLR). Despite their relevance, there is a need to provide alternatives to solvation equations since these latter are affected by some limitations, being the 2D nature of the molecular descriptors one of the most relevant.
VolSurf + (VS +) descriptors define the 3D capacity of the compound to form intermolecular interactions [1112, 13] and thus are widely used in drug-target interaction and to model molecular properties such as chromatographic retention. Shortly, VS + calculates descriptors processing the information gained by the interaction of some probes with the molecule considered as a target. The choice of suitable probes permits the characterization of the propensity of the compounds to be involved in the most common type of interactions, e. g. hydrophobic, hydrogen bonding, etc. The interaction is calculated using the GRID force field [14] that is particularly suited for the characterization of non-covalent interactions. VS + descriptors derive from 3D fields and they do not depend on the alignment of the molecules. [11, 12] Notably, the pool of VS + descriptors specifically contains redundant information of the investigated structure to have more chance to catch its overall physicochemical profile.
Building QSPR models using MLR is particularly complex when VS + descriptors are involved. Calculating all models corresponding to all descriptors combinations is virtually impossible. The combination of a subset procedure combined with a genetic algorithm (GA) technique as implemented in QSARINS [15, 16] is a valuable strategy to handle this problem.
Since VS + descriptors are numerous and significantly intercorrelated, their combination with Partial Least Square Regression (PLSR) is widely used. To obtain a mechanistic interpretation of the final PLSR model, the Variable Importance in Projection (VIP) plot is often used to select the most relevant descriptors.
A more performant alternative to interpret PLSR models consists in grouping descriptors into conceptually meaningful blocks which in turn are used to explain the response.. [17] Multiblock analysis is widely used in the interpretation of spectra and other chemical processes. [17, 18] Since this is an active research field in PLSR, several multiblock methods have been set up and can be classified into two main categories: in the first, VIPs resulting from a plain PLSR are postprocessed whereas in the second, the PLSR algorithm is modified. [19, 20] In this paper we applied two multiblock strategies to extract the information content of the logarithm of the retention coefficients determined in an SDS MLC system (log K W SDS ). Firstly we used the so called Block Relevance (BR) analysis [6] that implements a post processing supervised grouping of VS + descriptors in blocks. Secondly, we applied the multiblock PLSR (MBPLSR) algorithm to explore the direct use of blocks in PLSR. We expect that the model interpretation does not depend on the applied strategy. MLR was used for comparison purposes.
Statistics and interpretation provided by the three different approaches are compared and the information content encoded in log K W SDS is discussed also in relation with HIA and BBB predictions.
Methods

Dataset
The original dataset was retrieved from the literature [21] and contains chromatographic retention coefficients (K W SDS ) of 79 compounds (experiments performed on a Agilent Zorbax SB-C18 Rapid Resolution column using a mobile phase composed of an aqueous solutions of 0.05 mol · L-1 SDS). The final dataset contained 77 compounds (2 were eliminated, see Results and Discussion for more details) and was submitted to regression analysis. To verify the predictive capability of the models, the dataset was randomly split into a training set (58 compounds, about 75 %), and a prediction set (19 compounds, about 25 %) used for external validation.. [22] The SMILES codes were generated using ChemCell (https://github.com/cdd/chemcell) and manually verified for their correctness. Chemical structures of the compounds were built by submitting the SMILES codes to VS + . The assignment of the ionization state of the compounds was automatically carried out by VS + (version 1.0.7, http:// www.moldiscovery.com).
Descriptors and Blocks
VS + calculates 128 descriptors but only the 82 directly calculated from 3D molecular interaction fields (MIFs) were used. [6, 8, 23] Shortly, MIFs are calculated using the GRID force field. [14] MIFs may be viewed as a 3D matrix, with attractive and repulsive energy values between a chemical probe (default probes were used: OH2, DRY, N1 and O) and a molecule. VS + can convert MIFs in the set of 82 descriptors. Although these descriptors are computed from a 3D description of the molecules, they are alignment independent and thus they do not suffer from the typical drawbacks of most 3D descriptors. [11, 12] As previously described, [6, 8, 23] the 82 descriptors were grouped into six blocks (Table 1) . Firstly, the Size block, is Table 1 . The 82 VS + descriptors organized in the six blocks. A colour code was associated to each block: green for the Size, cyan for the OH2, yellow for the DRY, red for the O (HBD solutes' properties), blue for the N1 (HBA solutes' properties) and grey for the Others. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56 required to consider the volume and the shape of the molecules. The DRY block brings together descriptors obtained with the DRY probe and is related to the propensity of the molecule to form hydrophobic interactions. The OH2 block concerns the interaction of the polar regions of the solute with the environment. The N1 and O blocks represent hydrogen bond acceptor (HBA) and hydrogen bond donor (HBD) properties of the solute, respectively. Finally, the Others group monitors how the interaction between solutes and environment varies when polar and apolar regions are differently located on the molecular surface.
Modeling
Dataset Overview
The dataset was analysed with the Principal Component Analysis (PCA) tool implemented in VS + . The correlation matrix of the descriptors was calculated using GNU Octave (ver. 4.4.1, https://www.gnu.org/software/octave/) and represented as a heatmap obtained with Excel.
MLR
MLR models were obtained using the Ordinary Least Squares (OLS) method. The Genetic Algorithm-Variable Subset Selection (GA-VSS) was applied to search the optimal combination of descriptors. The best model was chosen using both internal and external validation together with a number of tools implemented in QSARINS [15, 16] (ver. 2.2.2, http://www.qsar.it/). The whole strategy is described in details in the Supporting Information.
To evaluate the weight of each descriptor in the final model, standardized coefficients were used. [15, 22] 
PLSR-BR Analysis
The PLSR tool implemented in VS + was used. Briefly, in the plain PLSR the matrix of the descriptors X is represented by its score t whereas the response y (here a vector) is represented by u. Firstly, u is estimated and multiplied through X to approximate the weight w T (step 1 in Figure 1A) . The weight is normalized to length one and multiplied through X to obtain t (step 2 in Figure 1A ). t is normalized to length one and multiplied through Y T to give q (step 3 in Figure 1A ). Then, q T is calculated and used to obtain a new vector u (step 4 in Figure 1A ). The process is repeated until convergence of t. When convergence is reached, the normalized to length one vector t is multiplied through X T to give p. p and q are used to deflate the matrix X and the vector y and the complete process is repeated to find a new latent variable. Finally, the PLSR results are processed to obtain VIPs.
BR analysis was recently reviewed by some of us. [6] Briefly, to evaluate the importance of each block the VIPs could be rearranged to define the Block Relevance (BR) of each block, eq. 1.
where i is the number of blocks (6) , N is the number of descriptors for any block, VIPj is the value of VIP for each predictor fitting the PLSR model. BR shows the relevance of a certain block of descriptors in the model; the higher the value of BR, the more important the block. Depending on the sign of the PLSR coefficients, BR was split into BR(+) and BR(À), eq. 2.
The model with a number of latent variables (LVs) that maximizes the Q 2 LMO (leave-many-out, 30 %) was identified as the best model and its statistical quality was also assessed by external validation. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56 2.3.4 MBPLSR MBPLSR generates a model of the response y (log K w SDS ) as a linear function of the 6 blocks (see above for blocks definition). To do that, descriptors (X) are firstly structured as reported in Eq. 3 and then submitted to the modified PLSR algorithm [18] X ¼ ½ X Size , X OH2 , X DRY , X O , X N1 , X Others ð 3Þ
In Figure 1B the MBPLSR process is outlined to facilitate a comparison with PLSR. In MBPLSR, a start score u obtained from a plain PLSR (seep 1 in Figure 1B) is regressed on all blocks X b to obtain the block variable weights w b (step 2 in Figure 1B ).The weights are normalized to length one and multiplied through the X b blocks to obtain the block scores t b (step 3 in Figure 1B) . The block scores are combined to form the super block T. A PLSR cycle between T and y is performed starting from step 3 in the plain PLSR scheme ( Figure 1B ). This cycle gives the super weight w T and the super score t T . The super score t T . is used in the deflation of X and y. In this way, the block structure of X is involved in the PLSR algorithm.
The super weights are calculated using t T and u, eq. 4:
The multiblock PLSR (MBPLSR) as described by Westerhuis [17] was carried out using MVAPACK, implemented in Octave.
The model with a number of LVs that maximizes the leave-many-out cross validation coefficient (Q 2 LMO ) is chosen as the best model. Finally, the relative importance of each block is evaluated using the super weights ws vector, [17] eq. 4.
Results and Discussion
Dataset Analysis
The investigated dataset includes structurally diverse and complex organic structures, chiefly drugs, and a few simple organic molecules. The full list of chemical structures and log K w SDS values could be retrieved from the paper by Russo et al.. [21] Some chemicals bear ionizable groups. Compounds were considered ionized when more than 50 % of the ionized species is present at pH = 7.4 (31 neutrals, 36 cations and 12 anions).
3D structures were built and the 82 VS + descriptors calculated as described in the Methods section.
The original dataset of 79 compounds was submitted to PCA to identify potential outliers ( Figure S1 ). The scores plot shows that methanol and rifampicin are far from other compounds in the chemical space defined by PC1 and PC2. Furthermore, t-hoteling plot suggests treating the two compounds as outliers. Thus, the two compounds were knocked out from the final dataset that includes 77 compounds.
Correlation matrix was then calculated (Figure 2 ) and shows a low correlation between log K w SDS and most of the descriptors. The heatmap also shows that VS + descriptors are partially correlated. This is particularly evident within Size, OH2, O and N1 blocks. Moreover, also descriptors belonging to different blocks show a certain level of intercorrelation, but this is not verified for the Others descriptors. These findings are inherent in the definition of VS + descriptors (see above).
Models Building and Interpretation
MLR and GA
Data matrix was imported in QSARINS and the best MLR model (statistics in Table 2 ) was sought as detailed in the Supporting Information. According to the criteria suggested by Golbraikh and Tropsha, [24] the model shows acceptable R 2 and Q 2 LMO values (greater than 0.6 and 0.5, respectively). Moreover, it shows good performances (R 2 = 0.71) in the prediction of the test set ( Figure S2 ). The following five descriptors are included in the best MLR model: the ratio of volume/surface of the molecules (R) that is a measure of the wrinkles of the molecular surface (Size block); the ratio between the polar surface area and the Surface (PSAR, OH2 block); the molecular envelope generating attractive Hbond interaction at À1 kcal/mol threshold (WO1, O block), and two descriptors that are included in the Others block (A, the amphiphilic moment, a vector pointing from the centre of the hydrophobic domain to the centre of the 
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www.molinf.com 3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56 hydrophilic domain and DODODO, a pharmacophoric descriptors related to the distribution of HBD properties on molecular surface). Figure 3 shows the standardized coefficients of the best MLR model (their numerical values are in Table S1 ). R, PSAR and WO1 are the most relevant descriptors (the MLR model including these three descriptors alone shows R 2 = 0.76). R and WO1 standard coefficients are positive, thus when their value increases, log K w SDS increases as well. PSAR, A and DODODO coefficients are negative and thus when their value increases, log K w SDS decreases too.
PLSR-BR Analysis
log K w SDS data were imported in VS + as response variables and a relation between the response and the 82 selected VS + descriptors was sought using PLSR algorithm implemented in the software. A statistically stable model with 4 LVs was found ( Table 2 ). Figure S3 shows the plot of experimental versus calculated values for both the training and the test set and supports the stability of the model. Figure 4 shows VIP sorted by their decreasing value. The identification of the most relevant VIPs remains an issue since several threshold criteria have been reported in the literature. [25] A low threshold value selects too many descriptors and makes problematic the interpretation. Conversely, a high threshold value could bring to an inaccurate interpretation. For instance, in Figure 4 three threshold values (1.21, 1.00 and 0.83) [25] are shown (Table S2 ). When 1.21 is selected, the lowest number of descriptors is found (18) and the corresponding model statistics are acceptable (Table S2) To overcome this limitation, we performed the Block Relevance (BR) analysis ( Figure 5A and 5B) . The plot in Figure 4A indicates the relevance of the blocks to the model. The most relevant output of BR analysis is reported in Figure 5B which splits the contribution of any block into positive BR (+) and negative BR (À) portions. BR (+) indicates how much the considered block favours log K w SDS , whereas those with negative weighting indicate how much the block lowers log K w SDS . Blocks with comparable positive and negative contributions (e. g. the N1, DRY and Others blocks in Figure 5B ) indicate the high noise and intercorrelation of the descriptors of the block itself and thus are poorly relevant in the description of the investigated phenomenon.
BR analysis shows that three blocks mainly impact log K w SDS : Size, OH2 and O. The larger the solute and its HBD properties, the higher log K w SDS . Finally, a PLSR run was performed using only the descriptors included in the main blocks to verify their effective importance. Statistics (R 2 = 0.82 and Q 2 LMO = 0.64 ( Figure S4) ) are in line with a PLSR run performed by including all the variables. This finding confirms results provided by the BR analysis and supports the reliability of this approach. Table 2 . Final models obtained using MLR, PLSR and MBPLSR (N = total number of compounds, N training = the number of training set compounds, N test = the number of test set compounds, R 2 = coefficient of determination, Q 2 LMO = cross-validation coefficient leave-manyout, in which about 30 % of compounds are randomly excluded for prediction for 2000 iterations, Var = number of variables, RMSEcv = root mean square error in cross validation, slope = slope of the linear regression obtained by plotting experimental vs predicted data of the training set, intercept = intercept of the linear regression obtained by plotting experimental vs predicted data of the training set (plots and linear regression available in the SI). 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54 55 56
MBPLSR
The descriptors matrix and log K w SDS data were imported in MVAPACK and submitted to MBPLSR. A robust model with 4 LVs was found ( Table 2 ). The external validation plot is provided in the Supporting Information ( Figure S5) .
To evaluate the relevance of the blocks in the MBPLSR models we used the super weights ws vector [17] (Figure 6 ). Blocks coefficients were noted above any block. Figure 6 shows that the Size block is the most relevant but also OH2, N1 and DRY significantly contribute to the model. The HBD properties of the solutes (the O block) and the descriptors of the Others block are slightly less important. Since all descriptors included in the Size block are positive, an increase in the solute dimension increases log K w SDS . The reverse is true when polarity and HBA properties are considered. A less clear picture is found for the DRY and Others blocks.
Comparative Evaluation of the Applied Strategies
Overall the three strategies applied to model and interpret log K W SDS afforded similar results. The only discrepancy is registered for the N1 block which is relevant in the MBPLSR but not in other approaches. MLR and GA, PLSR-BR analysis and MBPLSR show high prediction performances and support that log K w SDS is mainly governed by Size, polarity and HBD solutes properties, being the remaining features slightly less important. As expected, any method shows its own set of strengths and weaknesses in providing the 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56 mechanistic interpretation of the chromatographic descriptor.
QSARINS tools safely drove towards the selection of the best MLR model. However, the presence of many models with comparable statistical parameters partially jeopardizes the accredited capacity of the MLR to provide mechanistic interpretations.
On the contrary, PLSR provided a straightforward model but the identification of a standardized interpretation tool is not evident. The selection of the most relevant descriptors using a threshold value remains arbitrary and thus affords some uncertainty in the interpretation. Conversely, the use of conceptually defined groups of descriptors provides a "first sight" interpretation but a loss of detailed information could be registered.
Molecular Factors Governing log K W SDS
As mentioned above log K w SDS is mainly governed by Size, polarity and HBD solutes properties. The expected impact of these interactions on log K w SDS is schematised in Figure 7 and can be explained as follows. SDS molecules adsorbed on the stationary phase can conveniently allocate large hydrophobic solutes increasing their log K w SDS . HBD solutes' properties (monitored by the O probe, red block) favour the electrostatic interaction with the negatively charged heads of SDS adsorbed on the stationary phase. The positive sign found for the HBD descriptor WO1 (MLR) and the red blocks (BR analysis and MBPLSR) suggest that the increase of HBD properties of the solutes correspond to an increase in the log K W SDS values. The high log K w SDS value registered for lipophilic, cationic compounds (e. g. amitryptiline) supports these hypotheses.
Finally, molecular polarity favours the interaction with the aqueous mobile phase and thus decreases log K w SDS .
Overall our study reveals that log K w SDS is a complex descriptor since it is due to the contribution of more intermolecular forces of comparable relevance. Notably, it exhibits a very different blocks profile than log K W IAM and Dlog K W IAM , two chromatographic indexes determined in an Immobilised Artificial Membranes (IAM) system [26] and claimed to be relevant in the prediction of intestinal absorption. These findings suggest that the retention mechanisms involved in IAM and SDS-MLC are different and their potential contribution to predict HIA and BBB permeability as well.
Conclusions
In this study we modelled and provided a mechanistic interpretation of log K W SDS , a chromatographic descriptor determined in an SDS MLC system. To do that we applied three different approaches: MLR and GA, PLSR-BR analysis and MBPLSR.
All the strategies include three components: a) a pool of descriptors, b) an algorithm to build the model and c) a tool to interpret the model. VS + descriptors were used throughout the study since they have ad hoc features to handle physicochemical properties. MLR and PLSR and MBPLSR were used to build the QSPR model. To evaluate the importance of variables in the final model either variable selection or variable grouping tools were used. In fact, to catch the information encoded in a large number of descriptors, these latter can be either reduced or grouped.
Results provided by the different strategies were consistent from both a statistical and an interpretative point Figure 6 . Bar chart representing super weighs [17] of the first LV of the MBPLSR model. The sign of the coefficients of the descriptors is reported above each block bar. The label " + /À" is reported for those blocks where descriptors have opposite sign. Blocks color code: green for the Size, cyan for the OH2, yellow for the DRY, red for the O (HBD solutes' properties), blue for the N1 (HBD solutes' properties) and grey for the Others. 
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www.molinf.com 3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56 of view and revealed that log K w SDS is a unique and complex descriptor due to the contribution of more intermolecular forces of comparable relevance, being solutes dimensions, HBD properties and polarity the most relevant.
A number of MLC systems are available today and largely used in a not always conscious way to analyze untreated biological fluids such as plasma, serum, and urine. Chemoinformatic strategies as those reported in this paper might be applied to characterize the different MLC systems and thus help to exploit their full potential in the pharmaceutical and neighboring fields.
